We analyze the simultaneous diffusion of multiple process technologies that are related. A new econometric model is used to examine the presence of complementarities, testing for strong one-step-ahead non-causality and strong simultaneous independence. Results indicate significant complementarities between CAD and CNC technologies. Prior adoption of either of the two technologies has a large effect on the posterior adoption of the other one; in addition, simultaneous adoption is found to be more likely than adoption of the two technologies in isolation. Consistent with the presence of complementarities, we also find evidence of substantial price cross-effects: a decrease in the price of CAD (or CNC) increases the adoption probability of CNC (or CAD). Lastly, the increase in the likelihood of adopting the complementary technology turns out to depend on several plantspecific moderating factors.
1.
Introduction The aim of this paper is to study the diffusion of bundles of allegedly complementary technological innovations using a new and powerful empirical model. We explore empirically whether two process technologies, Computer Aided Design (CAD) and Computer Numerically Controlled Machine Tools (CNC), that have been argued to be complementary (Jaikumar, 1986; Milgrom and Roberts, 1990; Colombo and Mosconi, 1995) do indeed exhibit complementarities in their adoptions. We further explore the determinants of those complementarities. We adopt the general economic framework of Stoneman and Kwon (1994) for analyzing the determinants of the return to the adoption of multiple technologies that may exhibit complementarities. In this framework, the complementarities are expressed as an increase in the per annum gross profit from adopting both technologies over and beyond the per annum gross profit from adopting the two technologies in isolation from each other.
In this paper, a new econometric model developed by Mosconi and Seri (forthcoming) is used to examine the adoption of CAD and CNC by US manufacturing plants. The decisions to adopt the two technologies under consideration are modeled as a bivariate discrete-time binary process. There are some appreciable advantages of using this model over previous attempts at estimating complementarities (e.g., Stoneman and Kwon, 1994; Colombo and Mosconi, 1995; Stoneman and Toivanen, 1996) . In particular, we are able to control more effectively for unobserved heterogeneity across plants and the associated endogeneity bias, which may have led to inconsistent estimates in previous studies (see Athey and Stern, 1998 ).
In addition, testing for the presence of complementarities between two technologies is quite direct using this model. It allows for testing strong simultaneous independence and strong one-step-ahead non-causality; if the tests are rejected, adoption of both technologies (simultaneously or one after the other) is more likely than adoption of either technology in isolation. In addition, if technologies are complementary, the variables that directly affect the adoption probability of a given technology (e.g., the price of the technology) should have indirect cross-effects on the complementary technology. The model also allows us to explore whether the extent of complementarities depends on moderating factors.
We find significant complementarities between CAD and CNC technologies. Prior adoption of either of the two technologies results in an increase in the likelihood of adopting the other. In addition, simultaneous adoption of the two technologies is found to be more likely than adoption of either individual technology in isolation. We also find evidence of substantial cross-effects relating to the price of the complementary technology. Lastly, we highlight that the increase in likelihood of adopting either CNC or CAD once the other technology is in place depends on various plant-specific factors.
The next section develops an empirical model summarizing the impact of a set of variables on a firm's decision to adopt two complementary technologies. Section 3 describes the data, section 4 explains the estimation methods and variables, section 5 presents results and discusses interpretation concerns, and section 6 concludes.
An empirical model of the adoption of complementary technologies
The aim of this section is to illustrate an empirical model predicting the effects of a set of variables on a firm's decision to adopt two complementary technologies (A and B). We follow previous literature (e.g., Karshenas and Stoneman, 1993) in distinguishing between rank, stock, order, and epidemic effects. Rank effects describe differences across firms. Stock effects relate to the expected decrease in the profits for an adopter generated by an increase over time in the number of competitors using the technology. Order effects relate to differences in profit gains from adoption derived from the firm's position in the order of adopters at adoption time, with the assumption that first-mover advantages make early order more attractive. Epidemic effects capture the increases in the profit gains from adoption that arise from greater available information on the new technology, the latter being positively related to the number of adopters. 
We define the two technologies as complementary if v>0 (Stoneman and Kwon, 1994) . It also may be useful to differentiate between gains from simultaneous adoption and gains from sequential adoption. Let v Therefore, we obtain:
We indicate with ∂g j /∂k the derivatives of the g j functions with respect to term k. If stock and order effects are present, we expect:
Epidemic effects imply: 
Let us now indicate with y i j/h (t) the difference between the benefits and the costs of waiting until (t+dt) before adopting technology j for a firm that has previously adopted technology h, j,h=A,B, j≠h. We then obtain:
According to expression (6a) and (6b), if the synergistic gains v are positive, there is an additional net profit gain from the adoption of technology j, j=A,B when the other technology is in place.
Following previous literature, we assume that unobserved factors may randomly influence the net profit gains from adoption of the two technologies under consideration. If we incorporate these factors into the model through a series of independent stochastic error
terms, then from expressions (5) and (6) What remains is to introduce reasonable instruments for the terms in equations (5), collect data, and specify the econometric model that will test the existence of complementarities.
Data and sources
To test the predictions illustrated in the previous section, a national mail survey was administered to plant managers using an address register from Dun and Bradstreet, followed up with a telephone survey. Following previous research results ( Karshenas and Stoneman, 1993; Åstebro, 2002) positive effects on productivity (e.g., Ewers, Becker, and Fritsch, 1990; King and Ramamurthy, 1992; Stoneman and Kwoon, 1996) . It also has been reported that even greater productivity increases are possible if the two technologies are used in combination (Milgrom and Roberts, 1990; Colombo and Mosconi, 1995) . The purported advantages relate to computerized integration between the design and manufacturing functions such that prototypes can be developed more rapidly, production can be set up more quickly, and customers' changing demand requirements can be fulfilled more effectively. Other complementary benefits include reduced or eliminated labour for transferring information between the design and manufacturing functions.
CNC and CAD initially spread slowly. The first adoption of CNC in the sample was in 1971, while it was in 1974 for CAD. In 1983, CAD's penetration was only 4% while CNC's penetration was 16%. The technologies exhibited rapid diffusion in the late 1980s. By 1993, CAD had been adopted by 54% of the plants as a result of rapidly declining computer prices, while 44% had adopted CNC. 34.6% of all adopters adopted CAD between 1989 and 1991.
29.8% of all CNC users adopted it first between 1987 and 1989. In 1993, 57% of CAD and 50% of CNC adopters had at least partial computer integration between CAD and CNC.
For the analysis of complementarities, the sample can be divided into four main groups: (i) those that by survey time had adopted neither technology: 110 plants (33.3%); (ii) those that only adopted CNC: 31 plants (9.4%); (iii) those that only adopted CAD: 69 plants (20.9%); and (iv) those that adopted both CNC and CAD: 120 plants (36.4%). These data suggest that there might be complementarities since joint adoption is more prevalent than single technology adoption. For group (iv), we have data on the time of adoption for 95 plants. These 95 plants can be subdivided into: (iv a) those that adopted the two technologies simultaneously: 15 plants (15.8%); (iv b) those that adopted CNC before CAD: 60 plants (63.2%); and (iv c) those that adopted CAD before CNC: 20 plants (21.0%). The adoption lags between the two technologies, given that both are adopted, are relatively short but not immediate. The average adoption lag when CNC is adopted before CAD is 5.85 years, (st.
dev.= 3.83) and the average adoption lag when CAD is adopted before CNC is 2.30 years, (st.
dev.= 1.63).
A list of variables and definitions is provided in Table 1 . Price data on CAD were not directly available. We know however that significant drops in quality-adjusted price occurred following the introduction of the minicomputer and personal computer in 1977 and 1981, respectively (Åstebro, 1992) . Therefore, it seems reasonable to use as a proxy the price of computers and peripherals, obtained from BEA (NIPA , Table 7 .8, row 37). The price of CNC was obtained from Paul Stoneman and Giuliana Battisti, who have used this index in several publications. CNC prices were transformed from pounds sterling to U.S. dollars using Federal
Reserve Board (FRB) publications. For interest rates, we used the FRB-published threemonth T-bill rate. All prices and costs were adjusted with the producer price index published by BEA (NIPA, Table 7 .1). Estimates of size-of-industry demand and growth of demand were derived from yearly data on industry sales provided by the NBER (www.nber.org/nberces/nbprod96.htm). This source also provided data on by-year, byindustry production and non-production wage rates. We obtained information on industry In accordance with the latent regression approach, we assume that plant i adopts technology j, j=A,B if a latent continuous random variable y* j i,t crosses a threshold level, which with no loss of generality is set equal to null. Furthermore, y* j i,t is assumed to depend on the state in which plant i is in time t-1 and a set of covariates x i,t . We also consider the interaction between the covariates and the states of the process in t-1; in other words, the effects on y* j i,t of the covariates may be state-contingent. Hence, for a plant that has adopted neither CNC nor CAD (that is, it is starting from state 0), the latent regression system is:
As is usual in this setting, we assume a standardized bivariate normal distribution for (ε A i,t , ε B i,t ): 
With respect to transitions from state A to state AB, the only latent regression concerns adoption of technology B and can be written as:
The same holds for the passage from B to AB, as defined by the latent regression
In this framework, we are interested in testing for the presence of complementarity effects between the two technologies under consideration. For this purpose, we have to test for strong simultaneous independence and strong one-step-ahead non-causality. directly influence the adoption probability of one technology to have effects on the adoption probability of the other technology.
Econometric adjustments
We expected fewer responses from smaller plants. Survey responses were regressed on various predictors. There were significant variations in response rates. Responses were therefore weighted with the inverse of the predicted response frequency for each response.
Use of this method is supported, for example, by Holt et al. (1980) .
The model illustrated in the previous section is estimated on data organized into timeseries cross-sectional panels. In the empirical analysis, we initially estimate the bivariate probit model described by equations (7) and (8) The reason for our conservative approach in specifying complementarity causes is that, based on previous theory and results, we can state with some degree of confidence the predictors of adopting CNC and CAD independently and jointly. However, much less is known about the predictors of the complementarities between these two technologies. It is also the case that there are fewer observations available to estimate the latter effects with precision.
In addition, we focus attention on cross-effects relating to price variables since we can state with confidence these expected cross-effects. Moreover, we extend the analysis to explore rank cross-effects. Finally, to avoid estimation problems, we delete from the analysis six industries that each had less than ten observations. 3
The explanatory variables
Definitions of the explanatory variables are reported in Table 1 . For a summary of predictions, see Table 2 . The model outlined in section 2 predicts that the relative qualityadjusted real price of a technology and the expected decrease of this price decrease the probability of its adoption. If CNC and CAD are complementary, their prices and expected price changes also should decrease the probability of the other technology's adoption.
Therefore, we predict negative and positive effects of rp j and dp j on the likelihood of adoption of both technologies.
Moving to rank effects captured by the vector X in equations (7) and (8), we distinguish between covariates that have a direct effect on the adoption probability of a given technology and those that have an indirect cross-effect, indicating that complementarity is at work. We further distinguish plant-and industry-specific effects. As to plant-specific direct effects, in accordance with previous studies (for a survey, see Stoneman, 2002) we predict that plant size (S) is a positive determinant of technology adoption. We also expect adoption of previous vintages of advanced manufacturing technology (i.e., numerically controlled machine tools, or NC) to provide learning opportunities that encourage the adoption of both CNC and CAD (Colombo and Mosconi, 1995; Åstebro 2002) . Finally, we include two indicators of the benefits specific to CNC (B CNC : machining tolerance of parts) and CAD 3 Missing data for predictors were imputed using regression. For further information, see Åstebro (2004) . We constructed a dummy variable whenever an observation was imputed and included that in regressions. None of these dummy variables were important or significant.
adoption (B CAD
: number of design and/or engineering modifications); rationales for these can be found in Ewers, Becker and Fritsch (1990) and King and Ramamurthy (1992) . If B j (j=CNC, CAD) also influence adoption of the other technology (that is, they exhibit negative and positive cross-effects, respectively), this fact is interpreted as evidence of complementarities between the two technologies.
Following standard industrial economics literature (Stoneman, 2002) , we include industry-specific rank effects as follows: a measure of market size (M), growth in demand (G), and the four-firm concentration ratio (CR4). Technology adoption is expected to be positively related to M and G, while there is no strong expectation on the sign for CR4. We also consider the ratio of the wage rate of non-production workers to that of production workers (WR). Computer-based technologies reportedly replace workers involved in standardized, procedural tasks, while they allegedly complement tasks that require greater cognitive skills (Bresnahan et al., 2002) . To the extent that tasks performed by production (blue-collar) workers more frequently belong to the former category relative to those of nonproduction (white-collar) workers, the demand for the two technologies under consideration should increase when the salaries of non-production workers are low relative to those of production workers (for a similar argument in a different context, see Caroli and Van Reenen, 2001 
Results

Estimations
Equations (7) and (8) have been jointly estimated by maximum likelihood estimation. As was said earlier, we initially replaced vectors γ, β A2 , and β B2 with intercept parameters γ 0 , β A2,0 , and β B2,0 , thus assuming that the extent of the complementarity effects does not vary across plants. Results are reported in Table 3 . Results of tests for strong simultaneous independence and strong one-step-ahead non-causality (see Mosconi and Seri, forthcoming) are reported in the bottom part of Table 3 . Further insights into the existence of complementarities can be provided by analyzing cross-effects. Here the evidence is mixed. As to cross-price effects, the null hypothesis that they are jointly null is rejected by a LR test at 99% (χ 2 (4)=29.14). In fact, both rp CAD and rp CNC have negative and statistically significant effects on the likelihood of adopting the other technology. Further, the coefficient for dp CAD in the CNC equation, which captures the crossprice expectation effect, is significant and has the expected sign. But the coefficient for dp extend to previous vintages of both the same and related technologies. The result is also consistent with previous work (e.g., Colombo and Mosconi, 1995) , which indicates that there are learning-by-using effects across different vintages of these technologies. , the relative wage rate is close to significance. Its negative sign is consistent with the argument proposed by the skill-biased technical change literature (e.g., Bresnahan et al., 2002) that information technologies are a complement of highly skilled labor while they replace unskilled labor (see infra). Note however that the same argument seems not to apply to CNC. We regard the latter as a plausible result given that CNC machine tools primarily increase skills of blue-collar workers (see Åstebro, 2002) .
With respect to stock, order, and epidemic effects, it is quite difficult to unambiguously interpret the results of the estimates as opposing forces may be at work. 5 In fact, the coefficient of NC is very large and highly significant in the CNC equation. We are aware that these results might suffer from an endogeneity bias. In principle, one could examine complementarities across M simultaneously diffusing technological innovations. Unfortunately, the estimate of a comprehensive multivariate discrete-time binary model is unfeasible due to the excessively large number of parameters. For instance, the case of three innovations would require us to compute 19 transition probabilities.
6 Some researchers have introduced lags since first industry adoption and/or first overall adoption to proxy for epidemic effects. We tried specifications with such proxies but were unable to obtain reasonable convergence properties and estimates due to strong multicollinearities with N j (t) and (1/r)dN j (t).
. Last, we explore whether the complementarities we detect are moderated by plant-specific rank effects. The results are quite interesting, even though they should be interpreted with caution due to the limited number of observations. This caution applies especially to the simultaneous adoption of the two technologies where there are only 15 observations in that state. We therefore refrain from trying to interpret determinants of this state of adoption.
Economic interpretation of coefficient estimates for the subsequent adoption of one technology after the other is less tenuous since there are more observations for these states (60 and 20, respectively), although caution is still warranted.
Let us first consider the y Table 4 , the coefficient for NC is negative and significant at 95%.
Hence adoption of CNC leads to a smaller increase in the likelihood of subsequent adoption of CAD for plants that have previously adopted NC equipment. This suggests that NC and CNC equipments are substitutes as complements to CAD.
7
As opposed to the estimate reported directly above, plant size does not play any role for subsequent CAD adopion, possibly because, as opposed to CNC machine tools, CAD equipment is less expensive. The marginal cost-spreading effect of plant size on CAD-CNC integration when adding CAD 7 The starting point is the positive and significant coefficient of NC driving the adoption of CAD alone (Table 3) . This means that for plants that have not adopted CNC, adoption of NC equipment positively influences the likelihood of adoption of CAD due to complementarity effects. In addition, there are complementarities between CNC and CAD (positive β 0 coefficient): hence, the likelihood of adopting CAD increases after CNC adoption.
The negative coefficient of NC in the beta vector then shows that the positive effect on CAD adoption engendered by the adoption of CNC is smaller if a plant had previously adopted NC equipment and so was already exploiting (to some extent) the complementarity effects between design and production equipment. equipment after CNC equipment then would be less pronounced than when adding CNC equipment after CAD. As to the remaining plant-specific rank effects, B CAD has a positive coefficient and is significant at conventional confidence levels. This result suggests that the complementarity effects associated with the adoption of CAD once CNC is in place are positively influenced by the total amount of set-up costs; as these costs are likely to increase with the number of design and engineering modifications, we expect to see greater joint use of CAD and CNC to reduce these costs through computer integration.
Conclusions
The aim of this paper is to study the simultaneous diffusion of two allegedly complementary technological innovations. We have explored empirically whether CAD and CNC machine tools do indeed exhibit complementarities in their adoptions using a new and powerful empirical model and testing for strong one-step-ahead non-causality and strong simultaneous independence. The decisions to adopt the two technologies under consideration are modeled as a bivariate discrete-time binary process. There are some appreciable advantages of using this model over previous attempts at estimating complementarities. In particular, we are able to control more effectively for unobserved heterogeneity across plants and the associated endogeneity bias, which may have led to inconsistent estimates in previous studies.
Results indicate significant complementarities between CAD and CNC technologies.
Prior adoption of either of the two technologies under scrutiny has a large positive effect on posterior adoption of the complementary technology, while simultaneous adoption is found to be more likely than adoption of either of the two technologies in isolation. Consistent with strong complementarities, we also find evidence of substantial price cross-effects: a decrease in the price of CAD (or CNC) increases the adoption probability of CNC (or CAD).
We also explore the sources of these complementarities. It has been suggested that joint use of CNC and CAD allows for more efficient data transfer between design and production. But theory is not very specific as to how these complementarities arise. For example, we do not have a clear idea whether these benefits are scale dependent or are influenced by other characteristics of plants. For this purpose, we investigate whether the extent of the detected complementarities is moderated by plant-specific rank effects. Results are encouraging, even though they should be interpreted with caution due to the limited number of available observations. In fact, we are able to highlight that the additional benefits from subsequent adoption of CNC or CAD, once the complementary technology is in place over and above those benefits that arise from adoption of CNC or CAD in isolation, do depend on plant-specific effects.
With respect to these plant-specific complementarities, we find that plant size has an interesting differential effect on the subsequent adoption of CNC and CAD. CNC adoption subsequent to CAD adoption is positively affected by plant size, while subsequent CAD adoption is not. We interpret this to mean that since CAD equipment is generally less expensive than CNC equipment, the cost-spreading benefit of size is more important for CNC than CAD posterior adoption. Supporting this interpretation is the fact that the coefficient for plant size is 50% larger for exclusive-use of CNC versus exclusive-use of CAD. Previous use of NC equipment also has an interesting differential effect on the adoption of CNC after CAD versus CAD after CNC. Previous use of NC equipment has a weak positive effect on adopting CNC after CAD, while it has a strong negative effect of adopting CAD after CNC. The former is interpreted as a learning effect -CNC adoption is made easier by the plant already knowing something about NC technology. The latter is interpreted as a substitution effect -plants having previously adopted NC equipment may already enjoy the advantages of joint use of complementary design and production technologies.
In our view, this work represents an important step forward in the empirical literature concerned with the diffusion of bundles of new technologies. It also opens the way to further additions to this literature. Two avenues for future research seem especially promising. First, it has been convincingly argued (e.g., Milgrom and Roberts, 1990; Bresnahan et al., 2002) that the returns to the adoption of IT-based process innovations are contingent on the organization of plants (and firms). In fact, plants that exhibit a "lean" organization with a small number of managerial layers and highly decentralized decision-making and that use "high performance" human resource management practices allegedly are those that benefit the most from use of the above-mentioned technological innovations. In other words, Price index of technology j in U.S. $, at time t multiplied by the discount rate (measured by yield on 90-day Treasury Bills) and divided by Producer Price Index (PPI) dp j (t)
Expected percentage change in the price index of technology j at time t (price is divided by PPI) M(t)
Market demand for the industry to which plant i belongs, measured by Q(t), divided by industry-specific PPI G(t)
Change in demand for the industry to which plant i belongs, measured by Q(t+1)-Q(t), where Q(t) is total sales of the industry at time t, divided by industry-specific PPI CR4(t)
Concentration ratio in the industry to which plant i belongs, measured by the percentage share of gross output of the four largest firms in the industry at time t WR(t)
Ratio of the wage level of non-production workers to the wage level of production workers in the industry to which plant i belongs at time t S(t)
Size of the plant i, measured as log (q+1) 
NC(t)
Previous adoption of NC equipment, = 1 at time of NC adoption and onwards, 0 otherwise for plant i SC j Sunk costs of adoption of technology j, measured as industry average time spent on investment decision and industry average time spent learning to operate the technology before reaching 90% of its technical capability, both divided by extent of in-plant use of technology. Principal components analysis was used on the standardized values and a score was computed using the loadings on the first eigenvector. 
